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Abstract

Thispaperpresentsa novel approac for model-basedeal-
time tracking of highly articulated structures sud as hu-
mans. This appmoad is basedon an algorithm which ef-
ciently propagates statistics of probability distributions
througha kinematicchain to obtain maximuma posteriori
estimatef the motion of the entire structue. This algo-
rithm yieldsthe leastsquaessolutionin linear time (in the
numberof component®f the model)and can also be ap-
plied to non-Gaussiarstatisticsusinga simplebut power
ful trick. Theresultingimplementatiomunsin real-timeon
standad hardware withoutany pre-processingf thevideo
data and can thusopemate on live video. Resultsfrom ex-
perimentsperformedusing this systemare presentedand
discussed.

1. Intr oduction

Visualtrackingof comple, highly articulatedstructureds
an importanttechnologyfor several domains. In particu-
lar therehasbeenmuchinterestin trackinghumanmotion
[9]. Thereare mary applicationsincluding taskssuchas
suneillance,motion captureandhuman-computeinterac-
tion. The problemaddressedby this paperis that of real-
time trackingan articulatedstructurein the view of oneor
more cameras. The systemis model-based16, 12, 7, 4]
andusesa CAD modelthatcomprisegieceviserigid com-
ponentswith curved surfacesand known kinematic con-
straints.

Several tasks such as human-computeinteractionre-
quirereal-timeperformance Attaining this is dif cult and
therearerelatively few examplesof suchsystems.An ex-
ceptionis P nder [17] which doesso by limiting its pro-
cessingo trackingcolouredblobsin theimageplane.Black
andJepsorl] alsouseanimage-basedpproactwith mul-
tiple eigenspace$o recognisehand gestures. Chamand
Rehg[3] suggesthatreal-timeperformances not possible
in threedimensionsaandusea two-dimensionakcaledpris-
maticmodel.Hel-OrandWerman[8] useafully articulated
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three-dimensionahodelbut useanO(N 2) algorithmto ob-
tainaleastsquaresolutionfor thepose.Herewe presentin
O(N) algorithmwhich propagtesstatisticsof probability
distributionsalongthe kinematicchainto obtainthe maxi-
mum a posteriorisolutionfor the posein real-time. Where
thesestatisticaareGaussianthesamedeastsquaresolution
is obtained. Furtherthe algorithmcanbe adaptedo oper
ateiteratively with robust (non-Gaussiantatistics. Dela-
marre and Faugeraq4] alsousean O(N) algorithm and
give timings which are essentiallyreal-time,but make use
of apowerful (but comparatrely expensve) pre-processing
techniqug(Geodesiactive contours)which yieldsimpres-
siveresults.

In this work, we representhe poseof eachcomponent
of the modelseparatelyasan elementof the groupof rigid
body motionsin threedimensionsSE(3). Thisis a redun-
dant representatiorand requiresthat the articulationcon-
straintsbe explicitly representechowever it hasthe adwan-
tagesthatit providesa symmetricrepresentatioandis not
reliant upon accurateocalisationof somekey component
to identify the poseof the remainderf the model. Thisis
by contrasto [13, 2] which usea minimal parameterisation
basedon a tree structure. We make use of the exponen-
tial map[2, 15] connectingthe Lie algebraof SE(3)with
the groupto represenmotions,and usethe adjoint repre-
sentatiorof thegroupto transformquantitiesin thealgebra
betweerdifferentcoordinaterames.

To obtainrohust real-timeperformancean the presence
of noisymeasurements, is importantto usea strongstatis-
tical framework. MacCormickandBlake [14] useare ne-
mentof the Condensatioralgorithm[11] which partitions
thesearchspacen orderto reducecomputationatomple-
ity. This was extendedby Deutscheret. al. [5] who used
coupledmonte-carlatechniquego track highly articulated
humanmotion althoughthe computationalcost was pro-
hibitive for real-timeapplication. ChamandRehg[3] also
usea particlebasednethod but capturethe structureof lo-
cal modesof the posteriordistribution in eachparticleand
thusneedfewer particles.Theapproactemplo/edhereis to



usean iterative re-weightedeast-squaretechniquewhich
allowstheuseof thefastO(N) algorithmwith non-Gaussian
statistics.

For applicationsthat deal with existing imagery typi-
cally only a single view is available and several systems
have beendevelopedwhich can handlethis [3, 2, 13, 1].
The systemdescribecherecanalsooperateusinga single
view, althoughthe performancds greatlyimproved when
moreviews are available. We usean edge-basedpproach
(as[7]). In our casethe modelis renderedrst andmatch-
ing edgesarethensoughtin theimageratherthanprocess-
ing theimageto detectedgesrst andthenmatchingthose
to themodel.

Currently we only attemptto solve the motion problem
(whereis eachcomponentt eachtime step)by contrasto
[12] whousedatato re ne themodelin additionto comput-
ing pose.

2. Geometricrepresentation

2.1. Pose

The systempresentedererepresentshe poseof an artic-

ulated structurewith a matrix which describegshe trans-
formationfrom the coordinatesof eachmodel component
to eachcamera. Thesematricesform the group of Eu-

clideantransformation®n three-dimensionadpace SE(3)

andhave theform:

R t

E= 000 1 (1)
whereR is anorthogonal3 3 matrix with determinantl
andt is anarbitrary3-vector For corveniencethebottom
row of thesematrices(being constantwill be omitted for
theremaindeiof thepaper Theinternalcamergparameters
for eachcameraarealsostoredandthusthe projectionma-
trix for eachcomponenbf the modelinto eachcameracan
becomputed.

2.2. Structure

In orderto constructmodelsof structureswith curved sur
faces,a representatiorbasedon intersectionsof pairs of
quadricsis used. This is a corvenientrepresentatioras
it permitsthe useof standardstructuressuchastruncated
conesgcylindersandspheresaswell astruncateckllipsoids
andhyperbolicsurfaces.

Thesestructurescan be rapidly renderedoy computing
the normalisedimage conic C for eachquadricQ in the
view of a normalisedcamerawith a Euclideanprojection
matrix E. Eachquadriccan be transformedinto camera
coordinatego give

Q°=E TQE ! (2)
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Figurel: Q; is thequadricto berenderedandis clippedby
the (in this casedegeneratepjuadricQ,. Only the sample
pointson the conicimageof Q; thatcorrespondo points
insideQ, arerenderedshown in bold).

If thetransformedjuadricis written as

o A b
Q - bT c (3)
thentheconiccanbe computedas
C=Ac bbT 4

The conic C canthen be renderedby mappinga unit
circle (parameterisetly ) to C andgeneratinga seriesof
samplepoints(to beusedin tracking,seeSection3) from a
discretesetof s. Theseareevenly separatedvith spacing

pbysetting = dez Eachsamplepointgeneratedhy
this procedurds thenchecledfor visibility (in front of the
camerayithin theintersectingquadricandnot occludedby
ary otherpair of intersectedjuadrics).

The articulatedstructuresconsideredn this paperare
constructedrom theseprimitives. The structureccomprise
piecavise rigid componentsand eachcomponents made
up of a numberof theseclippedquadrics. The quadricsin
eachcomponensharea commoncoordinateframeandare
all renderedusingthe Euclideanprojectionmatrix for the
component.

The kinematicchainis representedy specifyinga par
entfor eachcomponenandlisting theconstraintshatapply
betweerthetwo. Thesearedescribedn moredetailin Sec-
tion 4. Becauséwo componentsnayshareghesameparent,
the kinematicchainmay form a treestructure however ar-
ticulatedcyclesarenot permitted.

2.3. Motion

Thetaskof thissystemis to computeheEuclideammatrices
E for eachcomponeninto eachcameraat eachtime step.



This problemcanbereducedo computinga Euclideanmo-
tion matrix M suchthat

Et = Er 1My %)

The matricesM give the transformationfrom the coordi-
nateframeof acomponenattimet to theframeattimet 1

(coarsemanualinitialisation is given for the rst frame).
Becausdhe motionis representeih the coordinateframe
of themoving componentthemotionmatricesarethesame
for all stationarycamerasiewing the sceneandthusonly

needto be computedonce per componenier time frame
regardlessof the numberof views. The matricesM can
be representedby points in the Lie algebraof SE(3)by

meansf the exponentialmap([2].

X6
M = exp i Gi (6)
i=1

whereG; areasetof generatomatriceswhichform abasis
for thealgebra.Becauseahetime stepsaresmall (40msfor
PAL video), the motion matricesare closeto the identity
andthus shouldbe closeto the origin. Thetrackingtask
is thenreducedo a six dimensionakearchfor  for each
componentt eachtime frame.

It shouldbe notedthat if a componentcontainsjust a
singlequadric,it will appeaiin theimageasa singleconic
having just ve degreesof freedom.Thustherewill be (in
general)a oneparametefamily of solutionsfor  for this
componentonsideredn isolationandthis canonly becon-
strainedby consideringhearticulationconstraints.

3. Statistical framework

Thestatisticaformulationusedin this approactde nesthe

probability of observingan imagegiven a particularpose
of the modelin termsof the presenceof edgesin theim-

age close to thoserenderedin the model. Theseedges
are detectedby performinga 1-dimensionalsearchfrom

eachsamplepoint in a direction normal to the rendered
edge. Thesemeasurementare assumedndependenand
the probability of theimagegiven a poseis the productof

the probabilitiesof eachmeasurement.

3.1. Gaussianstatistics

If thesemeasurementaere normally distributed thenthe
maximum a posteriori pose would be given by a least-
squaressolution. Sucha solution can be computedvery
efciently from the Jacobiarof partial derivatives of each
distancemeasuremenwith respecto eachmotion param-
eter ;. If thedistancemeasurementare small, an accu-
rate approximationto the Jacobian] can be obtainedby
consideringthe edge-normaktomponentof the motion of
the samplepointswith variationof ; which canbe easily

Figure2: Noisyedgemeasurement§.hesolidbarindicates
failureto detectanedge.

computedn closedform. This canbeusedto obtainamax-
imum a posterioriestimateof the motion parameters for
eachcomponent

=C Y™m  where C=[J7J] (7)
andm is the vectorof distancemeasurementsThe sum-
squaredesidualmeasurementS for a solution is given

by
S=( )C( Ji% (®)

This givesa probability distribution over the Lie algebra
(with two arbitraryconstant& andb) of theform

p( )= aexp( K )C( ) ©)

)+ ji(m

3.2. Non-Gaussianstatistics

In practice themeasuremeistributionis foundto benon-
Gaussiarby virtue of containingmary moresamplesn the
tails of the distribution (seeFigure 2). Suchdistributions
canbehandledwithin theleastsquaresrameawvork by intro-
ducingare-weightingfunction[10]. Thisfunctionis evalu-
atedfor eachdistancemeasuremenn in m andis usedto
scalem andthecorrespondingow of J. If there-weighting
function is w(m), thenthe leastsquaresprocedureitera-
tively convergeson a solutiongiven by the probability dis-
tribution
Z

p(m) = exp ) m%v(m%dm° (10)
0

This approachhasthe advantagethat distributionsother
than Gaussiancan be modelled, corvergenceis fastand
eachiterationrequiregustalinearsolution. Thereal power
of this approachhecomespparentvhencomplex systems
such as kinematic chains are consideredsince it is rel-
atively easyto propagte Gaussianstatisticsthroughthe
chainandthesecanthenbe wrappedwith a re-weighting
functionto obtainaniterative solutionto the desiredstatis-
tics. There-weightingfunctionusedn thisworkisw(m) =
1=(c+ jmj). Thisresultsin adistribution thatbehaesasa
Gaussiarform  candalaplacianform  c.



4. Highly articulated kinematic chains

Posestatisticsare now consideredfor kinematic chains.
Equation(9) givesindependenprobability distributionsfor
the motion parametergor eachcomponentof the model.
Themodelis notfreeto move arbitrarily, however, sincethe
articulationconstraintanustbe respectedThis meanghat
the desiredsolutionis onewhich maximiseghe productof
the probabilitiesfor themotionof eachcomponenaindalso
satis esthe constraints. This can be computedef ciently
(in lineartime in the numberof componentspy propagt-
ing the statisticsthroughthe model. This is doneby using
the constraintpresentbetweeneachadjacentpair of links
in the kinematicchainto obtainthe maximuma posteriori
motion for the entire chain. This motion will provide the
leastsquaresolutionfor the pose,subjectto the kinematic
constraints.

This is achieved in two stagesshavn in Algorithm 1.
Firstthe joint distribution of eachcomponens motionand
thatof its parentin the kinematicchainis considered.The
motion of the child componentanbe mamginalisedby al-
lowing it to take its modalvalue conditionaluponthe mo-
tion of the parent. By doing this, the statisticsof the par
entcomponentanbe modi ed to incorporatethoseof the
child. This procesds repeatedip the kinematicchainuntil
thecomponenatthetop of thechaincarriesthe propagted
statisticsfor the entirechain. Secondthe maximuma pos-
teriori poseof eachcomponenis assignedstartingat the
top of thechainandpropagtingbackdown the chain.

4.1. Propagatingstatistics

It has beenshavn [6] that constraintscorrespondingto
slides,hingesandball joints canbe linearisedand are ho-
mogeneou®n the valuesof the motion parameter®f the
two components ; and , andthushave asimpleform:

D2 1+ Do 2=0: (11)

Within  1- , spacethereis an embeddedmanifold of

motionswhich respecthe physical articulationconstraints.

Equation(11) correspondso forcingthemotionto lie in the
tangentspaceto this manifold at the origin (throughwhich
themanifoldmustpass).For aball joint positionedatx; y; z
in the coordinateframeof componentl, the constraintma-
trix D45 is:

2 3

y
0 x5 (12)
001 vy x 0

Themotion , is representeéh componen®'s coordinate
framewhichis differentto thatof component. If theseco-
ordinateframeswerethesamethenD,; = Dj,. Thusif
2 is transformednto componentl's coordinateframeus-
ing theadjointrepresentationf thetransformatiorbetween

Algorithm 1 Statisticalpropagtionon akinematicchain
fori=1 n 1do
Letp=i'sparent
Marginalise ; andupdate , andC, using(21), (22)
endfor
assign , =
fori=n 1 1do
assign ; using(19)
endfor

thesecoordinateramesthe constraintin (11) becomes

Diz 1 D12 Ad(E;'Ep) 2=0 (13)

(whereE; andE, arethe Euclideanprojectionmatricesof
componentd and2). Thus

D21 = D2 Ad(E, 'Ep): (14)

Given it is possibleto obtainthevalueof ; which
satis estheconstraintg11) andminimisesthesum-squared
residual8). Thiscanbecomputedy introducingLagrange
multipliers  for the constraintsaandsolving

2C1( 1 1)+D], =0 (15)
. 1
gving 1= 1 écl 'Di, (16)
1 1INT  —
So D21 2+D12 1 2D12C1 D12 =0 (17)
and =2 D1,C, D), '(Da 2+ D1 1) (18)
1
1= 1 C;'Df, D1C;'Df, (D21 2+ D1 1)
(19)

Thetotal sum-square@rrorfor componentd and2 canbe
writtenas
S12=( 1

1)C1( 1 2)Ca( 2 2)

(20)

D+ (2

(discardingthe constanterms).By substitutinghe optimal

valuefor ; from (19), S;.» cancomputedasa function of
2. This givesnew valuesfor , andC, which take into

accountheoptimal poseof componentl.

0 _ 1T 1T 1T 1
5= 2 C;°Dy D12Cy "Dy + DG, "Dy

(D12 1+ D21 2)
(21)
1

Cg =Cy+ D;l D12C1 1D12 Do (22)

Thispropagitesthestatisticsof componeni throughthe
articulatedjoint into componen®. The processanbere-
peatedpropa@tingthe new statisticsfor componen® into
the next componenup the chainuntil the statisticsfor all
componenttave beenpropagtedinto therootof thechain.



Figure3: Trackingthewoodenmannequirin asingleview. Solid linesrepresenfailureto nd anedgeonthesearchpath

At thispoint,the nal valueof for therootof thechain
representshe maximuma posteriorivalue for the motion
parameters of this componenttaking into accountthe
measurementsf the entirearticulatedstructure. Equation
(19) canthenbe usedto propagtethe maximuma posteri-
ori estimatefor the poseof the entire structurebackdown
the kinematicchainso thatthe maximuma posterioripose
of theentirechainis obtained.

As mentionedpreviously, this entireprocesds wrapped
within a iterative re-weightingschemeso that the iterative
behaiour of thesystenis equialentto propagtingthecor
rectnon-Gaussiastatisticsalongthe kinematicchain. Al-
thoughthe useof non-Gaussiastatisticsresultsin aniter-
ative algorithm (with eachiterationinvolving executionof
Algorithm 1), this systemonly performsone iteration per
video frame. Wherethe motionis large, a singleiteration
is found to provide a sufciently good solutionto permit
tracking to continueand whereit is small, the algorithm
corvergesvery rapidly.

4.2. Coercing the constraints

Becausehe manifold correspondingo posesof the model
which respecthe articulationconstraintis curved andthe
procesutlinedabove is only correctto rst ordet there-
sultantposewill containa quadraticerror which violates
the constraints. Thus at eachstage,it is necessaryo re-
move this error andensurethat the constraintsaare met ex-

actly. Sincetheerroris very small,it is possibleto achieve
this very simply by runningdown the kinematicchainand
coercingthe constraintin anon-symmetriananner This is

doneby computingthe logarithm of the matrix describing
the transformationbetweeneachpair of componentsand
projectingits coefcients into the right null spaceof the
constraintmatrix D 1.

P
Find a st exp ,aG =E,'E; (23)
1
a’=a Dj, D;pD{, Dia (24)

The Euclideanprojectionmatrix E; canthenbe rehuilt to
exactly satisfythe constrainty

P
E1=E2 exp ;aG (25)

5. Experimental Results

Two humanoidmodels have beenusedfor experiments
trackinga woodenmannequinand a human. The models
aresimilarandbothhave 18 deggreesof freedom.Themodel
of the mannequiris quite accurateand ts well, while the
modelof thehumanis only approximate.

5.1. Mannequin

An experimentwvasperformedo trackthemannequinn the
view of asinglecameraBecausef dif culty in moving the
mannequirby handwithout causingcatastrophiocclusion,
aserieof incrementamovementsvereperformedwith the
tracker turnedoff. After eachmovement,the tracker was
operatedfor approximatelya quarterof a second(about
6 frames)beforethe next movementwas made. Results
from thistrackingsequencareshavn in Figure3. Thesin-
gle camerarackingsystemrunsin real-timeat PAL video
framerate(25Hz).

5.2. Human

For the humantrackingexperiment,views from threesyn-
chronisedcameraswere used. Single view tracking was
foundto be muchlesseffective on this taskdueto a rela-
tively poor t betweernthe humanandthe model. Figure4
shavs a numberof framesfrom a trackingsequencén this
experiment.

6. Summary and Conclusions

A novel methodfor fasttracking of highly complec artic-
ulatedstructureshasbeenpresented. The algorithm runs
in real-timeat 25 Hz for a singleview and 10Hz for three
views. The maximumtolerablespeedof motion that this
algorithmcanhandleis limited however, particularlyin the
humancasedueto inaccuraciesn the CAD model. Future
work will considemethoddor extendingtheframework to
computethe structuralparametersf themodel.



Figure4: Trackingahumanin threeconcurrentiiews (cameraglistributedvertically).
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